We present a model made up of linguistic multi-criteria decision making processes to integrate the answers to heterogeneous questionnaires, based on a five-point Likert scale, into a unique form rooted in the widespread course experience questionnaire. The main advantage of having the resulting integrated questionnaire is that it can be incorporated into other course experience questionnaire surveys to make benchmarking among organizations. This model has been applied to integrate heterogeneous educational questionnaires at the University of Granada.
Introduction
Interest in the nature of the university students' experience in most countries has grown considerably in recent years. Studies of student life have also grown at the institutional level in response to quality assurance demands. Partly in anticipation of external pressures to provide evidence of student satisfaction, and partly to anticipate and deflect criticism, many universities are generating quite sophisticated studies of student life to inform their policy and planning. Until recently, this has been more prominent in Anglophone countries, but now has become an almost inescapable feature of university strategic planning initiatives in most developed systems. 1 The vast majority of these studies are based on questionnaires answered by the students. There are substantial differences in the focus of national preoccupations about student life, even among different universities and/or university colleges in the same country. Therefore, these questionnaires are generally very heterogeneous. However, there are some emerging methods of survey that try to be more general. Thus, the national survey of student engagement (NSSE) 2 obtains, on an annual basis, information from North-American universities and colleges about student participation and perceptions on good educational practices. The course experience questionnaire (CEQ) [3] [4] [5] [6] is used in many basic form of CEQ is made up of 24 statements (questions) about five prescribed areas (called scales) of the courses: good teaching, generic skills, student support, graduate qualities and overall satisfaction. This form asks students to agree or disagree for each question on a Likert scale. Information gathered in education questionnaires often involves the use of such Likert-type scales. 7 The
Likert scale invention is attributed to Rensis Likert, 8 who described this technique for the assessment of attitudes. Ref. 9 describes the Likert scale as a set of items, made up of approximately an equal number of favorable and unfavorable statements concerning the attitude object, which is given to a group of subjects. They are asked to respond to each statement in terms of their own degree of agreement or disagreement. Typically, they are instructed to select one of five responses (five-point Liker scale): "strongly agree", "agree", "neutral", "disagree", or "strongly disagree". In general, these human perceptions are characterized by uncertainty and fuzziness, 10 i.e. they are subjective and vague. Furthermore, variations in individual perceptions and personality mean that the same words can indicate very different perceptions. 11 Consequently, the use of binary logic and crisp numbers to describe these human perceptions or attitudes (e.g. "strongly agree" = 2, "agree" = 1, "neutral" = 0, "disagree" = -1, and "strongly disagree" = -2) fails to address fuzziness. 12 In that case, a better approach should be based on the use of linguistic assessments instead of numerical values. The fuzzy linguistic approach was introduced by Zadeh in 1975. 13 It is a tool intended to model qualitative information that has been used successfully on many domains and problems. [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] This approach is based on the concept of linguistic variable. Briefly speaking, linguistic variables are variables whose values are not numbers, but words or sentences in a natural or artificial language. Therefore, the fuzzy linguistic approach seems to be an appropriate framework for modeling the information of questionnaires like the ones in which the Likert scale is used. The CEQ form asks students to agree or disagree on a five-point Likert scale. Moreover, many other different questionnaires use this type of scale and deal with the same areas mentioned above for CEQ. Although these questionnaires have been carried out on different university populations, they may have one or several common features (dimensions), e.g. time (academic year, semester,…), space (University College, region of the university,…), etc. However, the contents of these questionnaires are usually very heterogeneous. The main aim of this paper is to integrate such heterogeneous questionnaires, in order to obtain a unique CEQ form with the integrated answers to the input questionnaires. This new integrated questionnaire will characterize the input questionnaires on their common features. The main advantage of having this integrated questionnaire is that it can be incorporated into other CEQ surveys in order to make benchmarking among organizations.
The computation model to generate the integrated questionnaire has been approached as two linguistic multi-criteria decision making (LMCDM) processes. 11, [14] [15] [16] The goal of such processes consists of searching the best alternatives according to the linguistic assessments provided by a group of users with respect to a set of evaluation criteria. The respective aims of the two LMCDM processes are: (i) To associate each question of the input questionnaires with a linguistic value indicating how is the matching of that question with each of the previously mentioned conceptual CEQ scales. In this step, it is necessary the consensus of a group of university education experts. (ii) To obtain a unique CEQ-type form with the integrated answers to the input questionnaires. This integration process will be weighted with the linguistic values obtained in the previous step. In this step, the decision makers are the students who have filled in the corresponding questionnaires. Several web questionnaires for evaluating different questions have been used during the last academic years to survey the students enrolled on Information and Communication Technologies (ICT) courses taught at the Business Studies Faculty of the University of Granada. The new model presented in this paper has been applied for integrating these heterogeneous questionnaires into a unique CEQ-type form. In this paper, we show a limited example of this integration problem.
The rest of the paper is organized as follows: Section 2 revises the preliminaries concepts, i.e. the methods for solving decision making problems under linguistic information (opinions). Section 3 explains the CEQ form in more details. Section 4 presents the new linguistic integration model. Section 5 shows an application example of this model. Finally, we point out some concluding remarks and future work.
Solving Decision Making Problems under Linguistic Information
The main aim of this section is to present a study on the steps to follow in linguistic decision analysis, that is, the steps to follow for solving a decision making problem under linguistic information. In all real-world decision making processes, there are usually various actors (experts or decision makers) who are called to express their performance values on a predefined set of options (alternatives) in order to select the best one(s). We do not distinguish between "experts" and "criteria", and interpret linguistic decision analysis in a context of multi-criteria decision making (MCDM). 11, [14] [15] [16] In the linguistic decision analysis of an MCDM problem, the solution scheme must be formed by the following three steps: 16 the choice of the linguistic term set with its semantics, the choice of the aggregation operator of linguistic information, and the choice of the best alternatives. In the following subsections, we analyze these phases.
Choosing the Linguistic Term Set with its Semantics
The choice of the linguistic term set with its semantics is the first goal to fulfill in any linguistic approach for solving a problem. • H is the name of the variable.
• T(H) is the term-set of H or the collection of linguistic values (labels). • U is the universe of discourse.
• G is the syntactic rule, i.e. a context-free grammar which generates the terms in T(H).
• M is the semantic rule which defines the meaning of each linguistic label X, M(X), where M(X) denotes a fuzzy subset of U. 24 Once the cardinality of the linguistic term set has been established, the linguistic terms and their semantics must be provided: (i) Generation of the linguistic terms. Mainly, there are two possibilities to accomplish this task. 17, [25] [26] [27] One of them involves directly supplying the term set by considering all the terms distributed on a scale on which a total order is defined. 26, 27 The other specifies a context-free grammar. 17 (ii) Semantics of the linguistic terms. Often, the semantics of the terms are represented by fuzzy numbers, defined in the interval [0,1], described by membership functions. A way to characterize a fuzzy number is to use a representation based on parameters of its membership function. 24 The linguistic assessments given by the users are just approximate ones. Some authors consider that linear trapezoidal membership functions are good enough to capture the vagueness of such linguistic assessments. 21 The parametric representation is achieved by the 4-tuple 〈α,β,γ,δ〉, where β and γ indicate the interval in which the membership value is 1, with α and δ indicating the left and right limits of the definition domain of the trapezoidal membership function. 24 A particular case of this type of representation are the linguistic assessments whose membership functions are triangular, i.e. β = γ. Some authors 28 introduce a modifier that leads to a decrease or an increase in the degrees of membership. Furthermore, the authors of ordinal linguistic models to establish the semantics of the linguistic terms consider that each linguistic term for the pair (s i , s T−i ) (T+1 is the cardinality of the set S of linguistic terms) is equally informative function.
Choosing the Linguistic Information Aggregation Operator
There are two main approaches for carrying out the aggregation of linguistic information:
• The approximative computational model based on the Extension Principle. 24 This model uses fuzzy arithmetic based on the Extension Principle to make computations over the linguistic variables. The results can be presented in two ways: by means of the fuzzy numbers obtained from the fuzzy arithmetic computations based on the Extension Principle; or by means of linguistic labels computed from the fuzzy numbers obtained by performing a linguistic approximation process.
• The ordinal linguistic computational model. 29, 30 This symbolic model makes direct computations on labels, using the ordinal structure of the linguistic term set S = {s 0 ,…, s T }. Its results are inherently linguistic labels, due to either the operators used (basically negation, maximization and minimization operators) or because in the computations on the order index there exist an approximation by means of the round operator. In the literature, we can find four kinds of aggregation operators of linguistic information: non-weighted linguistic information aggregation operators, 30 weighted linguistic information aggregation operators, 31 multigranularity linguistic information aggregation operators, 15, 21 and numeric and linguistic information aggregation operators 16 . In the following subsections,
we review the kinds of linguistic information aggregation operators based on symbolic computation that we use in our model.
LOWA Operator
An important aggregation operator of ordinal linguistic values based on symbolic computation is the Linguistic Ordered Weighted Averaging (LOWA) operator, 30 which is used to aggregate non-weighted ordinal linguistic information, i.e. linguistic information values with equal importance. Definition 2.1. Let A = {a 1 ,…, a m } be a set of labels to be aggregated, then the LOWA operator, φ, is defined as: , ∀i ≤ j, with σ being a permutation over the set of labels A. C m is the convex combination operator of m labels and if m = 2, then it is defined as: 
This measure characterizes the degree to which the aggregation is like an or (max) operation. Note that an OWA operator with orness(W) ≥ 0.5 will be an orlike, and with orness(W) < 0.5 will be an andlike operator.
An important question of the LOWA operator is the determination of the weighting vector W. In Ref. 32 , it was defined an expression to obtain W that allows representing the concept of fuzzy majority 33 by means of a fuzzy linguistic non-decreasing quantifier Q:
When a fuzzy linguistic quantifier Q is used to compute the weights of the LOWA operator φ, it is symbolized by φ Q .
LWA Operator
Another important aggregation operator of ordinal linguistic values is the Linguistic Weighted Averaging (LWA) operator. 32 It is based on the LOWA operator and is defined to aggregate weighted ordinal fuzzy linguistic information, i.e. linguistic information values with not equal importance.
As it is known, the aggregation of weighted information involves two activities: the transformation of the weighted information under the importance degrees by means of a transformation function h, and the aggregation of the transformed weighted information by means of a non-weighted information aggregation operator f. The transformation function depends on the type of weighted information aggregation which is going to be performed. In Ref. 32, Yager discussed the effect of the importance degrees in the max and min types of aggregation and suggested a class of functions for importance transformation in both types of aggregation. For the min aggregation, he suggested a family of t-conorms acting on the weighted information and the negation of the importance degree, which presents the non-increasing monotonic property in these importance degrees. For the max aggregation, he suggested a non-decreasing monotonic property in these importance degrees.
Following the above idea, the LWA operator is defined in Ref. 30 . Here, we redefine it to simplify its expression using the orness measure and as f the LOWA operator φ. We should point out that the LOWA and LWA operators are the basis of the LMCDM processes that we present in this paper. We have chosen these operators due to the following reasons:
• Both operators are complementary (the LWA operator is defined from the LOWA operator), and this simplifies the design of the model.
• Since both operators act by symbolic computation, linguistic approximation processes are unnecessary. Consequently, this simplifies the computing processes with words.
• The concept of fuzzy majority represented by linguistic quantifiers acts in the computation processes, in such a way that the assessments on questionnaires are obtained according to the majority of opinions provided by the users (education experts and students).
Choosing the Best Alternatives
Assuming a linguistic framework in an MCDM problem, we have linguistic performance values {V 1 ,…, V m } about a set of alternatives X = {x 1 ,…, x n } provided according to a group of criteria {P 1 ,…, P m }. Then, the goal consists of finding the best alternatives from the linguistic performance values. This goal is achieved by means of a choice process among the alternatives. 35, 36 As is known, two approaches may be considered basically to carry out a choice process. 26 
Exploitation Phase
The goal of this phase is to choose the best alternatives from V C . Usually, the exploitation is modeled using choice functions which allow us to characterize the alternatives and to separate the best alternatives. 15, 16, 41, 42 Each alternative is characterized by means of a choice degree calculated from a collective performance value, in such a way that a rank ordering among the alternatives is defined. Later, the alternatives with the maximum choice degree are chosen. Therefore, assuming a linguistic framework, the exploitation step consists of two tasks: i) obtain a rank ordering among the alternatives by means of a linguistic choice function defined from the collective linguistic performance value V C , in such a way that a linguistic choice set of alternatives is obtained:
and µ X c: X→S; and ii) choose the best alternatives according to the established rank ordering. Here, a solution set of alternatives is obtained as follows:
The definition of a linguistic choice function depends on the type of representation chosen initially to provide the linguistic performance values. As mentioned above, if the linguistic performance values are linguistic utility functions, then V C will be a collective linguistic utility function, and the establishment of a rank ordering is a direct and easy process, since V C is itself a linguistic choice function, 27, [38] [39] [40] i.e. V C = X C . Then, the solution set of alternatives is obtained as follows:
However, if the linguistic performance values are linguistic preference relations, then V C will be a collective linguistic preference relation. In this case, the establishment of a rank ordering is not an easy and direct task; for a more detailed explanation, see Refs. 16 and 42.
Course Experience Questionnaire (CEQ)
The basic form of CEQ was developed for initial graduates in the United Kingdom. 3 A later version was tested in Australian universities during 1989. 4 Since then, the Graduate Careers Council of Australia's Survey Management Group has progressively refined the contents of this instrument. The items included in the questionnaire have changed, and the wording of some items has been modified in response to data obtained from the application of the instrument in different contexts. In Ref. 6 there is a report on the validity and usefulness of CEQ as a performance indicator of the perceived quality of university teaching. The final five scales recommended for an extended CEQ are:
is characterized by practices such as providing students with feedback on their progress, explaining things, making the course interesting, motivating students, and understanding students' problems. High scores on GTS are associated with the perception that these practices are present. Lower scores reflect a perception that these practices are carried out less frequently. There is a body of research that links these practices to positive learning outcomes. (ii) Generic Skills Scale (GSS) is an attempt to take into account the extent to which university courses add to the generic skills that their graduates might be expected to possess. While discipline-specific skills and knowledge are often crucial to prospects of employment and further studies, the emphasis on generic skills stems from the belief that knowledge quickly becomes obsolete, and generic skills that may have been acquired in the learning process should endure and be applicable in a broader context. Skills typically identified in this context include communication skills, the capacity to learn new skills and procedures, the capacity to make decisions and solve problems, the ability to apply knowledge to the workplace, and the capacity to work with minimum supervision. (iii) Student Support Scale (SSS) attempts to measure access to, and satisfaction with, key university facilities and services supporting student learning outcomes. (iv) Graduate Qualities Scale (GQS) focuses on qualities typically associated with university outcomes, especially attitudes and perspectives related to the relevance of the course for lifelong learning.
(v) Overall Satisfaction Index (OSI) indicates students' overall satisfaction level with the course through one question: "Overall, I was satisfied with the quality of this course". The basic form of the CEQ presents students 24 statements (questions) about the five above mentioned scales (see Table 1 ) to ask them if they are agree or disagree on a five-point Likert scale.
Linguistic Integration Process of Answers to Input Questionnaires into an Output CEQ Form
In our problem, we have several questionnaires placed in different sites (generally websites), with different university-level questions. Although these questionnaires have been filled in by different university populations, they have one or several common features (dimensions), e.g. time (academic year, semester,…), space (University College, region of the university,…), etc. Besides, all the items are five-point Likert type questions. The objective is to aggregate these questionnaires into a five-point Likert CEQ form that characterizes them on their common features. Given the requirement to integrate the existing questionnaires, we cannot use the CEQ basic form, made up of the questions shown in Table 1 , because they generally are not available in the original questionnaires. Therefore, we have to use the major conceptual CEQ scales previously explained. We have applied the following formal framework to the problem we are trying to solve:
Let R = {R 1 ,…, R #R } be a collection of non-empty sets of university-level questions, i.e. questionnaires to be aggregated (input questionnaires), where #R ≥ 1 is the cardinality of the set R. Let each questionnaire R a = {r 1 a ,…, r #Ra a }, ∀ a ∈ {1,…, #R}, #R a ≥ 1, be a set of #R a five-point Likert type questions. Let CEQ = {ceq 1 ,…, ceq n }, n = 5, be a questionnaire based on the major conceptual CEQ scales with five-point Likert type questions: ceq 1 = GTS, ceq 2 = GSS, ceq 3 = SSS, ceq 4 = GQS and ceq 5 = OSI. The objective is to obtain an only questionnaire, based on the output questionnaire type CEQ, which integrates the answers to the input questionnaires. Table 1 . Basic form of the CEQ.
Scale Question
Good Teaching Scale (GTS)
The teaching staff of this course motivated me to do my best work. The staff put in a lot of time into commenting on my work.
The staff made a real effort to understand difficulties I might be having with my work.
The teaching staff normally gave me helpful feedback on how I was going. My lecturers were extremely good at explaining things. The teaching staff worked hard to make their subjects interesting.
Generic Skills Scale (GSS)
The course developed my problem-solving skills. 
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We propose two steps for solving this integration problem:
(i) A LMCDM process to associate each question of the input questionnaires with a linguistic value indicating the matching of that question with each CEQ scale of the output questionnaire type. (ii) A LMCDM process to obtain a unique CEQ form type with the integrated answers to the input questionnaires. This integration process will be weighted with the linguistic values obtained in the previous step. Each of these steps or stages is respectively explained in more details in the following subsections.
LMCDM Process to Associate Input Questions with CEQ Scales
In this decision making process, there are m university education experts {P 1 ,…, P m } who are called to express their performance values on each input question in order to associate them with each CEQ scale of the output questionnaire. Since this is a critical step, we consider that experts should have at least five years of experience. The number of experts should also be at least five, i.e. m ≥ 5. Experts have to associate each input question to one of the n possible options (n = 5) of the available panel. Therefore, each alternative x i = ceq i ∀i∈{1,…, n}. Finally, experts must also provide their levels of expertise in this particular matching process. These values will be taken into account when weighing their matching ratings. Let C = {c 1 ,…, c m } be the set of experts' expertise levels. Below, we will show how to model this MCDM problem following an indirect linguistic approach.
Choosing the Linguistic Term Set with its Semantics
The five-point Likert scale is used for the input and output questionnaires of our system. Therefore, it seems logical that the experts also express all their opinions using this scale. The five-point Likert scale is a set of items made up of an equal number of favorable and unfavorable statements concerning the attitude object. It is provided to a group of subjects that are instructed to select one of five possible responses: "strongly agree", "agree", "neutral", "disagree", or "strongly disagree". Consequently, we consider the second possibility shown in Section 2.1, which defines the linguistic expression domain by means of an ordered set of linguistic terms. Then, we characterize the linguistic expression domain as follows:
• The granularity value is 5.
• We consider a linguistic term set on which a total order is defined and distributed on the scale [0, 1], with the mid term representing an assessment of "approximately 0.5", with the rest of the terms being placed symmetrically around it.
• We define the semantics by considering that each linguistic term for the pair (s i , s T−i ) (T+1 is the cardinality, i.e. 5) is equally informative and by assigning triangular membership functions to each linguistic term.
• Furthermore, we assume three operators, called negation, maximization and minimization, which are respectively defined in S as follows: Also, it is possible that the experts do not provide any values, which we symbolize with "-", in order to express that there is no association with any CEQ scale of the output questionnaire for the input question. Specification of these non-values is a common practice when expressing preferences with linguistic terms. Fig 2) . The basic idea consists of using the values c k ∈ S as the linguistic importance degrees of all the linguistic matching ratings of each expert P k . 
Choosing the Best Alternatives
For each criterion, we assume that linguistic performance values are provided by means of linguistic utility functions. In this case, for each criterion, a utility function is provided for each question of the different input questionnaires:
Therefore, each expert P k associates the utility function V k ab for each question r b a with each major conceptual CEQ scale, i.e. the alternative x i , by using the linguistic values of S indicating the performance of that alternative. As was aforementioned in Section 2.3, the proposed choice process is carried out in two phases:
• Aggregation phase of linguistic information. Using the aggregation operator specified above, the collective linguistic utility function V Cab = {v 1 ab ,…, v n ab } is obtained for each question r b a from the individual ones {V 1 ab ,…, V m ab }:
• Exploitation phase for the aggregated linguistic information. The goal of the exploitation phase is to choose the best alternatives from the collective linguistic utility function. Since the linguistic performance values are linguistic utility functions, V Cab is itself a linguistic choice function, i.e. V Cab = X Cab . In our problem, we want to obtain for each question of the input questionnaires a linguistic value indicating the matching of that question with each CEQ scale of the output questionnaire. Therefore, this linguistic choice function X Cab = [x 1 ab ,…, x n ab ] is the desired solution, i.e. each x i ab represents the linguistic importance degree of the question r b a for each major conceptual CEQ scale ceq i , and these values will be use in the next MCDM step.
LMCDM Process to Obtain a CEQ Form from Answers to Input Questionnaires
Assuming that we have several groups of students Since in this decision making process all the answers to the input questionnaires have to be integrated into a panel with n possible options, we consider that each alternative x i = ceq i , ∀i ∈{1,…, n}. Below, we will explain how to model this MCDM problem following an indirect linguistic approach.
Choosing the Linguistic Term Set with its Semantics
As aforementioned, the five-point Likert scale has been used to express users' opinions in all the questionnaires of our system. Therefore, e d a (r b a ), ceq i o ∈ S, where the set S is the same that we have defined for the inputs questionnaires. Furthermore, the considerations on this linguistic expression domain are the same as those already described in Section 4.1.1. 
Choosing the Linguistic Information Aggregation Operator

Choosing the Best Alternatives
Once more, the proposed choice process is carried out in two phases:
• Aggregation phase of linguistic information. For each criterion, we assume that linguistic performance values about the alternatives are provided by means of linguistic utility functions. Using the aggregation operator specified in the previous section, the collective linguistic utility function V C is obtained for each question of the output questionnaire:
• Exploitation phase for the aggregated linguistic information. Since the linguistic performance values are linguistic utility functions, V C is a linguistic choice function, i.e. V C =X C . Therefore, this collective vector is the desired solution, i.e. V C = CEQ o .
An Application Example
Several web questionnaires asking different questions have been used during the last years to survey the students enrolled on ICT courses taught at the Business Studies Faculty of the University of Granada. The new model proposed in this paper has been applied to integrate these heterogeneous questionnaires. The objective has been to aggregate these questionnaires into five-point Likert scale CEQ forms that characterize them on their common features: students of ICT courses at the Business Studies Faculty of the University of Granada, and the corresponding academic year. In this section, we present a limited example, where the model is applied to integrate one of these questionnaires using an ICT laboratory group of students in the academic year 2009-10. Let R = {R 1 } be the set of input questionnaires, which only contains the example questionnaire R 1 shown in Fig 3, and let R 1 = {r 1 1 ,…, r 11 1 } be the set of 11 five-point Likert-type questions of such questionnaire. The objective is to obtain a unique output questionnaire (of type CEQ), which integrates the answers to the input questionnaire.
As aforementioned, we have to carry out two steps for solving this integration problem:
(i) A LMCDM process to associate each question of the input questionnaire with a linguistic value indicating the matching of that question with each CEQ scale of the output questionnaire. This step is solved using the LMCDM process proposed in Section 4.1. (ii) A LMCDM process to obtain a unique CEQ type form with the integrated answers to the input questionnaire. This step is solved using the LMCDM process proposed in Section 4.2.
In the following subsections, we will explain these steps in more details.
Example of the LMCDM Process to Associate Input Questions with CEQ Scales
In this decision making process, there are 5 university education experts:
• P 1 : Full Professor with more than 20 years of experience.
• P 2 : Assistant professor with more than 15 years of experience.
• P 3 : Assistant professor with more than 12 years of experience.
• P 4 : Assistant professor with more than 10 years of experience.
• P 5 : Associate Professor with 7 years of experience.
They are called to express their linguistic performance values on each input question in order to associate them with each CEQ scale of the output questionnaire. Let us remember that it is possible that experts do not provide any values (which is coded as "-") to some questions. Besides, these experts present the following set C evaluating their levels of expertise in this particular matching process: Using Eq. (4.1), we obtain the following collective linguistic preference relation, i.e. the linguistic choice function:
For instance, the assessment for the GSS scale (the second CEQ scale) from r 10 1 is obtained using the following expression:
To develop this expression is necessary to calculate the weighting vector W. To do so, we make use of the linguistic quantifier most of specified in Section 4.1.2, and we obtain the following weighting vector, using Eq. Using the same LMCDM process for the remaining questions, i.e. applying Eq. (4.1) to each input question, we obtain the result shown in Table 2 .
Example of the LMCDM Process to Get a CEQ Form from Answers to Input Questionnaires
We have a group of ten students Y 1 = {y 1 1 ,…, y 10 1 } who have filled in the questionnaire R 1 . Table 3 shows all the opinions provided by the students answering this questionnaire. The objective is to obtain a unique CEQ type form with the integrated answers to this input questionnaire.
In order to get the final solution in this decision making process, we use the linguistic choice functions x i 1 b obtained in the previous LMCDM step (shown in 
Thus, according to our model, we can say that students who filled out the questionnaire R 1 are strongly agree on the Overall Satisfaction Index and the Good Teaching Scale and agree on the rest of the CEQ scales. For instance, the integrated answer to the SSS (the third CEQ scale) scale is obtained from the following expression:
Φ 
Concluding Remarks
We have presented a model made up of two LMCDM processes for integrating the answers to very heterogeneous university-level questionnaires, in order to obtain a unique questionnaire based on the CEQ form. The aim of the first process is to associate each question of the input questionnaires with each one of the output questionnaire, according to the consensus of a panel of university education experts. The goal of the second process is to obtain a unique output questionnaire with the integrated answers to the input questionnaires, according to the students who have filled in the corresponding input questionnaires and the results of the previous LMCDM step. The main advantage of having this integrated questionnaire is that its results can be incorporated into other CEQ surveys to make benchmarking among organizations. All the questionnaires involved in our system (input questionnaires and the output CEQ form) are based on a five-point Likert scale. We are currently focusing on the management of questionnaires based on other domains, including natural language (open-ended questions). Besides, we are working on extending the solution proposed here to similar integration problems, in particular, to reputational risk management ones.
